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YOLOvSs 535 5 —F e 38 1 22 4 0 0G0 50 3 . T ot L B 1 4k 22 SRR K BT 43 s A i 3 4R 1 SLSKA-
POOL 5, I 76 Ak J2 60 L 2B B T DL I 2% 560 56 7 H AR BRAE  oF — 2 4R 8 M 4% BE 7 Ok, 2 8 CAKConv %
BT B, 2B B 3 e A R0 ) o R B 1 80 A B BURRAIE L LA B2 780 R 4 M R s e J L 1E 2 T I I EMA Bl A £ U
25 [RGB B KREARB O R, IS TE A A M e . SEI0 245 HE R W . 2GalE (9 YOLOVS 5 JRU5 vk AH EL K6 0 A 3 42
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Improved YOLOVS safety helmet detection algorithm for

complex environments

Song Chunning Li Yinzhong
(School of Electrical Engineering, Guangxi University, Nanning 530004, China)

Abstract: Detecting the wearing of safety helmets by construction workers is an important method to ensure personnel
safety. However, existing safety helmet detection methods are mostly manual, which are not only time-consuming and
labor-intensive but also inefficient. Moreover, the existing algorithm has low detection accuracy in the face of complex
environment or weather. In response to this phenomenon, an improved safety helmet wearing detection algorithm is
proposed based on the YOLOv5s algorithm. Firstly, the SLSKA-POOL module is proposed based on the residual idea
and large separable module design, and used in the pooling layer. This module can make the network pay more
attention to the target features and further improve the network capability; secondly, the CAKConv convolutional
module is proposed, which efficiently extracts features through irregular convolution operation to improve the network
performance; finally, EMA modules are added to the backbone to aggregate multi-scale spatial structure information
and establish short and short dependencies to achieve better performance. The experimental results show that: the
improved YOLOv5 compared with the original algorithm, The detection accuracy increased by 2.2%, mAP@ 0.5
increased by 3. 6%, and mAP@ 0.5:0. 95 increased by 6.4 %, realizing more accurate and efficient helmet wearing
detection.

Keywords: YOLOV5;safety helmet detection;attention mechanism; CAKConv;data augmentation
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Fast R-CNN" | Faster R-CNN"! | Mask R-CNN 25 4 4%
2, B BE A I 4535 2L YOLO (you only look once)™* &
%1 .Retina-Net"" .SSD(single shot multiBox detector)t" K
PR H AR IS4, 2015 4R, YOLO Bk g4 i, R H A
SRR I BE , YOLO FIEAS B Pt & e .

T AE St e A R ARG [ L Y S AR R rhom A
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ok 2 I RE J7s Wk A R K B B CIOU (complete
intersection over union) 15 B AR JE R IN# Y 84 ; e J5 T
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T A EE T 23 1 A5 FRURN 8% 22 BB BT — 1 B AR B ke 1 o Jgk
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YE R R0 S H B ARRRAE o (57 75458 20 T LLSE S 1 4G T 18] 471 4%
£ BE A [6) S BOR I AR /NS A B A T B AR 1 43 1 Y
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YOLOvS P4y 4 #8453 41 8 - ¥ At 3 B 45 L 500
VLK sty o R T Lk ISR A TR A 1 97 A T A A B B
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network, FPN) Hl }% & R & M 4 (path aggregation
network, PAN) " 25 M 2 il . FPNOKE )2 A9 RRAE i 5 4 T
] R B LR AT A i Al A B0 2 AR AE H, DA T S B SR 0
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HE #5125 PR K B % K 4 & 3% (non maximum
suppression, NMS) , &% fl CIOU 1 4t 2 & Foxt B kr i3t
AT RSB T , A5 A5CHE FH 190000 At [] 051 9 3 B LA BRG]
o FH A A e KA 490 16 DA 5 Ik ek DT A HE Dk 3 — 25 2 e %o
HARMPUNMET L . Sk as A 1 FiR.
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Fig. 1 YOLOV5s network structure
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Fig. 2 LSKA module

T O R B BRI R P B R 2 R A ASU{ELAZ B AR
P — 4 v] 43 B AU A%, T I3 3] LSKA, LSKA f9
Hi N

ZC = D2 3WSy o * (D Wy ¥ FO) D)
Cc __ C C C

A wa * (HZ;VW*XL%J *Z%) 2

AC =W, *Z" (3)

FC=A“®F° (4)

Hrp,da BEIKk#EZER, RRHEM, ® /8 Hadamard
Bl W Fm KXK RNEBEL ., Z¢ Fm RIBRJ5 1IR E 5
kit Zi B R s mE R, L RN T
B, PR B IR ST SR IR B B i iy ZC 4
REMER, A HREIMEE DB, RNERMEER
B —Rh . LSKAtten J5 ¥k 1l LUA 8% g 4% B 5
SRS G R o

H T S R Y A T A 7 e e A R A T I Y A S 3R
B2 5 J 2278 1) R of 2% 32 30) 24 I ORS00 5 T 7 2R R

R B A 235 3R L TR e AR SC$2 ) SLSKA-POOL # 8, {48 5
P AL 2 (A5 X 2% 78 3 A S [a] RUBE 19 5 AiF B 5 % H
PR 6 7, B AR T R AR B, SLSKA-POOL ##
HAEMINE 3 Fis .,
2.2 CAKConv &R

FEAR e BB S A I A B G, — 7 .
FEAERR T —A R e 0 A RE N A B k(5 B H
FRAETEARIEE E W . 55— 7, B B 1 KD & — A [
WIEFIE . (B EFRIER KD TEAR R EHR LA T,
FA BEE TR 6 BUZ SRR E N RS ey bR, &F Xt -
IR ) BB, AR SCHR Y CAK Conv 5 BB B, 2086 B oy 1) 4% 42 it
FEBSRAETE AR, XTI 28 5 1 filg =2 ) g AR Al 2 (L B = &
Y

£ f] A8 ¥ % L (alterable kernel
AKConv) "V Hb 5 5 — T 0 A bR AR R R L 2R S R
Pn MR REEARBR . BB S R AR RS AR by 8 BILR R
F5 A 8 SR T R TR A I SR AR s A0 S R R U R A L B R B
Mg ARk, A B ARG . i T 38 T B A 1 45 AR
RS BRI B A O0,0) HAENREEFE S, HEEXT
AELI BB w0 45 Ae bR P 5 L FE AL B PO AL XTI 0 4 R4
FETRTLLE SUR -

Conv(P) = > w X (P, +P,) (5)

Hp,w RnBRSE.

Sy B AR AR AL 51 AR B ok R A AL E LY
FEATIE R A% 00 % & 1y S0 ot B PRI 5545 21 L 4R )5 8 T
P % A bR FUER A8 B8 (P, + PO AR, £ 248 205 B AL B o
dpe J A Ao A 1 RN FE R A A B AR B A B A RRAE . A EEEUH AN
F I 5 FEUAZE 118 SR AR A7 5 JUT X I 1) AR A, 1T LA R AT HE & 7
T L, LA 54 BB AT 46 Bk B2 L5 A B0 U] SR R TR
PRABXS B B R AE o PR T SR AR R T DL 58 35 b 58 AN R U]
FURFAE SR IR R . A R 0 0] 45 A 5 o A A1 B I A L AR
P A it R TR A TR R, W B BUREEIR R R E 211
BWREPE . AKConv £ BB HL 54 W& 4 Fis

XF AR A T I 2 4 WiE R B4 0 T B R 3k R h
AR /N AR b B 2 A R S A3 P S O AR ST
$2& H CAKConv S5, Z AL PR 254 C3 1 AKConv BT #4 £ 1)
—ANHTI S B, 5 R AN 5 TR . B 75 0 45 7 T
XEASTE B B AR AR R I N, m] DL R 36 ) 2R 4T 5 BUREE LR
U 1) i e R A2 2 R B S B0 2 R T R AR AR Y R) R

convolution,

LSKAtten —» MaxPool2d —» MaxPool2d —» MaxPool2d

l

l

3 SLSKA-POOL k25 #)
Fig.3 The SLSKA-POOL module structure
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Table 2 Results of the ablation experiments
i P R mar@os "
@0.5:0. 95
YOLOv5 0.912 0.843 0.905 0.534
+CAKConv 0.931 0.882 0.936 0.588
+SLSKA-POOL 0.929 0.886 0.935 0. 590
+EMA 0.932 0.884 0.935 0. 585
All 0.932 0.889 0.937 0.584
All+-5dE 3458 0.934  0.894 0.941 0.598

3.5 b

T BAGE S B B B Bk B MR K R SRR S
P B bR A Bk AT B RN, AL EE ) Bk SSD.
YOLOv3.YOLOvS5s, YOLOv5n, YOLOv8n #1 YOLOv10 n,
NI ) 0 S 2400 B R LI BB RN SR AT LL AR, SR E
W R B A RO . XTSRRI ER 3 R

®3 EREEIL

Table 3 Mainstream algorithm comparison

Bk AP (hat) AP (person) mAP@0.5 MB
SSD 0.813 0.527 0. 670 91. 1
YOLOv3 0. 699 0. 886 0. 789 16. 6
YOLOv5s 0. 900 0.918 0. 909 13.7
YOLOv5n  0.897 0.915 0. 906 3.6
YOLOv8n™  0.883 0.922 0. 903 5.95
YOLOv10n™  0.903 0.918 0.924 5.48
AR 0. 930 0.933 0.941 15.3

MF 3 0T RLFE H L X S8 0 L Y 3 v A A I 2k 1
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EIEBNT 0. 941, B Bt AR ELAT AR S (A T 502
3.6 HMNGERH

AT AT PR AR AR SCHE A ALE-YOLOvSs 83k 76 T
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Ll o e 2 0 P AR R R S S R B A YOLOvSs 1Y % 42 i
TGN GE S A7 O R B R ALE-YOLOv5s 46 50 f 6 il
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Fig. 7 Model detection and comparison in different scenarios
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